The human gut microbiota comprises a dynamic ecological system that contributes significantly 2 to human health and disease. The ecological forces that govern community assembly and 3 stability in the gut microbiota remain unresolved. We developed a generalizable model-guided 4 framework to predict higher-order consortia from time-resolved measurements of lower-order 5 assemblages. This method was employed to decipher microbial interactions in a diverse 12-6 member human gut microbiome synthetic community. We show that microbial growth 7 parameters and pairwise interactions are the major drivers of multi-species community 8 dynamics, as opposed to context-dependent (conditional) interactions. The inferred microbial 9 interaction network as well as a top-down approach to community assembly pinpointed both 10 ecological driver and responsive species that were significantly modulated by microbial inter-11 relationships. Our model demonstrated that negative pairwise interactions could generate 12 history-dependent responses of initial species proportions on physiological timescales that 13 frequently does not originate from bistability. The model elucidated a topology for robust 14 coexistence in pairwise assemblages consisting of a negative feedback loop that balances 15 disparities in monospecies fitness levels. Bayesian statistical methods were used to evaluate 16 the constraint of model parameters by the experimental data. Measurements of extracellular 17 metabolites illuminated the metabolic capabilities of monospecies and potential molecular basis 18 for competitive and cooperative interactions in the community. However, these data failed to 19 predict influential organisms shaping community assembly. In sum, these methods defined the 20 ecological roles of key species shaping community assembly and illuminated network design 21 principles of microbial communities.
INTRODUCTION

24
Microbes have evolved in diverse microbial communities that occupy nearly every environment 25 on Earth, spanning extreme environments such as acid mine drains and hot springs to 26 multicellular organisms. The gut microbiota is a dense of collection of microorganisms that 27 inhabits the human gastrointestinal tract 1-3 and performs numerous functions to impact human 28 physiology, nutrition, behavior and development [4] [5] [6] [7] [8] [9] . The core functions of the gut microbiota are 29 partitioned among genetically distinct populations and integrated into community-level functions 30 such as resistance to invasion and complex chemical transformations. Such collective functions 31 are realized by the combined interactions of diverse microbial species operating on multiple time 32 and spatial scales and could not be achieved by a single monospecies population. The degree 6 measured based on absorbance at 600 nm (OD600) and multiplexed 16S rRNA gene 140 sequencing, respectively (see Materials & Methods) . The monospecies displayed a broad range 141 of growth rates, carrying capacities and lag phases (M dataset , Fig. S2 ). Pairwise consortia 142 exhibited diverse growth responses and dynamic behaviors including coexistence or single-143 species dominance (Fig. S1) . The distribution of absolute abundance of each species across 144 communities in PW1 revealed changes in growth in the presence of a second organism (Fig. 
152
To further probe the dynamic responses of pairwise consortia, a set of 15 consortia ( Fig.   153 1b) inoculated at two different initial species proportions (initial conditions) based on OD600 154 values (95% species A, 5% species B and the second wherein these percentages were 155 reversed) were characterized using our experimental workflow (PW2 dataset, Fig. S4 ). The 156 community behaviors in PW2 was classified into the following categories: (1) single species 7 Volterra (gLV) model represents microbial growth, intra-species interactions and pairwise inter-174 species interactions and can be used to predict the dynamic behaviors of the community and 175 analyze system properties such as stability and parameter sensitivity. To minimize overfitting of 176 the data, a regularized parameter estimation method was implemented that penalized the 177 magnitude of the parameter values (see Materials & Methods) . Three training sets were 178 evaluated based on predictive capability: (T1) M; (T2) M, PW1; (T3) M, PW1, PW2. A range of 179 regularization coefficient values (λ) was scanned to balance the goodness of fit to the training 180 sets and degree of sparsity of the model (Fig. S6) . The parameterized gLV model trained on T3 181 captured the majority of pairwise community temporal responses ( Fig. 2a,b) . However, the 
197
Node size is proportional to the monospecies steady-state abundance (x e = -µ i α ii -1 ). To highlight 198 significant interactions, inter-species interaction coefficients with a magnitude less than 1e-5 were not 199 displayed.
201
Thresholding the magnitude of the inter-species interaction coefficients using a value of 202 1e-5 yielded a densely connected network whereby 77% of species pairs exhibited an 203 interaction. Of these interactions, 61% and 16% were positive and negative, respectively ( 
207
S7b). FP was the recipient of five positive interactions, suggesting that the fitness of FP is 208 coupled to the composition of the community (Fig. S3) . To determine the contribution of positive 209 modulators to FP abundance, we examined a 6-member gLV model composed of FP, BH, BU,
210
BV, CH and DP. The combined set of five positive inter-species interactions was required to 211 alter FP abundance by >2-fold and single and dual inter-species interactions yielded a moderate 212 increase in FP abundance at 72 hr ( Fig. S7c) . Therefore, FP represents an ecologically 213 responsive organism that is significantly enhanced by the presence of multiple organisms in the 214 community. Corroborating this notion, FP exhibited significant variability in absolute abundance 215 across PW1 communities and frequent coexistence with other organisms (Fig. S3, S5 were correlated (ρ = 0.79, P < 0.05) 36 , suggesting that microbial growth parameters and inter-232 species interactions are major variables influencing community structure in the human gut 233 microbiota ( Fig. S10) .
234
Characterization of the temporal variation in community structure in the presence and 235 absence of each organism elucidated the contributions of single species to community 236 assembly. The absence of EL, BO or BU significantly altered community assembly compared to 237 the full community, whereas elimination of all remaining organisms did not notably change 238 community structure as a function of time ( Fig. S11a) 
241
indicating that EL promotes community diversity ( Fig. S11b) . In contrast to the EL-community, an important role in shaping community structure, fitness and diversity (Fig. S9) . The impact of 246 EL on community dynamics was disproportionately related to its stable low abundance in the full 247 community, in contrast to the influential and highly abundant organisms BO and BU ( Fig. 3a) .
248
The species impact score (species relative abundance in the full community at 72 hr plus the 249 sum of the outgoing gLV inter-species interaction coefficients) was correlated to the difference 250 in community structure for single-species dropouts (ρ = 0.7, P < 0.05, Fig. S12 ), suggesting that 251 the inferred ecological network and relative abundance pattern could explain the contributions of 252 organisms to multi-species community assembly. 
273
The predictive capabilities of the parameterized gLV models were evaluated using the 
287
The predicted steady-state abundance of monospecies based on the model and the 288 fraction of each species in the full community at 72 hr were not correlated (ρ = 0.46, P = 0.13),
289
corroborating the notion that monospecies growth parameters alone failed to forecast temporal 290 changes in multi-species structures ( Fig. S13) . Whereas FP exhibited low monospecies fitness 291 ( Fig. S2) , this organism displayed the second highest abundance level in the full community,
292
which was consistent with a large number of positive incoming interactions present in the 293 inferred gLV network ( Figs. 2c, S7a ,c, S13). By contrast, BV persisted at low abundance in the 294 full community and exhibited high steady-state monospecies abundance, consistent with a large 295 number of inhibitory incoming inter-species interactions (Fig. S7a) . Therefore, the pattern of 296 ecological interactions provided insight into significant deviations in species fitness in the 297 absence and presence of the community.
298
To evaluate the predictive capability of the model, the quantitative relationship between 299 the model and data was examined for each species as a function of time using the parameter 12 estimate based on training set T3 ( Fig. 3c ). Across the majority of time points and multi-species 301 consortia, the Pearson correlation coefficient between the model prediction and experimental 302 data explained a high fraction of the variance and was statistically significant. While the model 303 captured the temporal responses of the majority of species, the model did not reproduce the 304 behavior of BT in the multi-species consortia and deviated at specific time intervals for BO and 305 CH ( Fig. 3d ).
306
Incorporating 
329
History-dependent dynamic behavior in the model was defined as the difference in 330 species abundance following 72 hr for communities inoculated using two distinct initial species interaction coefficient values beyond the bistable parameter regime displayed memory of initial 336 conditions that persisted for at least 72 hr, indicating that mutual inhibition can generate 337 protracted kinetic dependence of the states of a system on its history. The inferred parameters 338 for the bistable BU, BT consortium were located on the boundary between monostability and 339 bistability, suggesting that the system's bistable behavior was not robust to parameter variations 340 ( Fig. 4a) .
341
To investigate the physiological significance of such history-dependent behaviors, we 342 examined the capacity for history-dependence across a broad range of simulated pairwise 343 consortia serial dilution rates (Fig. S15) . initialized at two different conditions: x 1 = 0.0158, x 2 = 0.0008 or x 1 = 0.0008, x 2 = 0.0158 using a serial dilution experimental design (Fig. 1b) 
379
A subset of pairwise consortia exhibited stable coexistence wherein communities 380 inoculated at distinct initial species proportions converged to a non-zero abundance level above 381 a defined threshold that persisted for the duration of the experiment (Fig. 2b, S5) 
385
ER that converged to an approximately equal abundance ratio as a function of time from two 386 disparate initial conditions (Fig. 2b) . The inferred pairwise network consisted of a positive and 387 negative coupling between CH and ER (Fig. 4b) . The positive and negative interaction topology 388 yields a broader parameter regime of coexistence compared to mutual inhibition (Fig. 4b,c, 389 S16a,b). The combination of positive and negative interactions establishes a negative feedback 390 loop on the abundance of an organism that has higher monospecies fitness (e.g. CH), thus 391 leading to stable coexistence with an organism that has lower monospecies fitness (e.g. ER) as 392 a function of time.
393
Coexisting species pairs were linked by positive and negative interactions and mutual 394 inhibition in 50% and 25% of cases, mirroring the disparity in parameter space that realized 395 coexistence between the two distinct topologies (Fig. 4b,c, S16) . The remaining species pairs 396 that displayed coexistence encompassed unidirectional positive (12.5%), unidirectional negative 397 (6.25%) and mutualism (6.25%). Several dominant phyla were connected by positive and 398 negative interactions in the phylum-level interaction network, representing the average inter-399 species interaction coefficient for all organisms associated with a given phylum, suggesting that 400 this topology promotes stable coexistence in the gut microbiota (Fig. S17) . 
409
indicating that the parameters were constrained by the data (Fig. S18a) . Parameters that were 410 present or absent based on training on T4 compared to T3 exhibited a higher median CV value 411 of 0.22 compared to the unchanged set that had a median CV equal to 0.16 (Figs. S14b,c, 412 S18b). These data suggest that model training on T4 provided additional constraint for specific 413 parameters that displayed larger uncertainty in parameter estimates.
414
The correlation between all parameter pairs in the model (12090 total combinations) was 415 evaluated to determine parameter identifiability (Fig. S18c) . Parameters that do not influence 416 observable variables are non-identifiable due to practical or structural reasons and can be 417 correlated with other parameters 43 (Fig. S18d,e ). Approximately 11% of parameter pairs 418 displayed a Pearson correlation coefficient greater or less than 0.6 and -0.6, indicating that the 419 majority of parameters could be distinguished. Correlated interaction coefficients greater or less 420 than 0.6 and -0.6 were approximately 7-fold lower magnitude on average than parameters that 421 exhibited higher identifiability (Fig. S18f) . In the parameter estimation procedure, regularization 422 will lead to the reduction of the magnitude of parameters that do not link to the observable 423 outputs.
425
Interrogating microbial environmental impact using conditioned media 426
The net environmental impact of a single species at a defined time point can be represented by 427 conditioned media, which contains secreted metabolites and has been depleted for specific 428 resources. Positive interactions may be indicative of transformations of media components into 429 substrates that can be utilized by the recipient species or detoxification of the environment.
430
Negative interactions may derive from depletion of key nutrients or production of toxic 431 compounds. In some cases, multiple mechanisms can combine to yield a net positive or 432 negative effect on growth. Environmental pH is a major variable that can influence microbial 433 growth responses. In co-culture, the environmental pH may not change as significantly 434 compared to monoculture growth due to differences in metabolite secretion and degradation in a 435 community. For example, cross-feeding of metabolic by-products such as acetate in the gut 436 microbiota is a prevalent mechanism that could alter environmental pH [44] [45] [46] .
We investigated whether the difference in the recipient species growth responses in the 438 presence and absence of conditioned media from a source organism could be used to map 439 microbial inter-relationships ( Fig. S19) . To this end, a conditioned media impact score R CM was 440 defined as the ratio of the cumulative sum of the recipient organism growth response for 30 hr in 441 75% conditioned media to unconditioned media. An R CM > 1 or R CM < 1 indicated a positive or 442 negative influence of the source organism on the recipient organism. To evaluate the 443 contribution of pH to the conditioned media growth responses, pH adjusted conditioned media 444 was prepared by modifying the pH to match the value of the unconditioned media.
445
Several factors could lead to disagreements between R CM and the gLV inter-species 446 interaction coefficients, including, for example, a difference in metabolite utilization and 447 secretion patterns of an organism in the presence of a second species 47 . Nevertheless, 75% of 448 conditions were in qualitative agreement with the inferred gLV interaction coefficients (Fig. S19) .
449
Of the interactions that showed qualitative disagreement between conditioned media and 450 inferred gLV interaction coefficients, 45% displayed low identifiability based on Metropolis-
451
Hastings MCMC using Pearson correlation coefficient thresholds of -0.6 and 0.6, suggesting 452 that model parameter uncertainties could also contribute to the observed inconsistencies.
453
Together, these data corroborated the parameter estimation pipeline and showed that a high 454 fraction of microbial inter-relationships could be qualitatively deciphered based on conditioned 455 media responses.
457
Elucidating metabolic capabilities of monospecies via exometabolomics 458 Metabolite interchange is a dominant mode of microbial interactions. To elucidate the bipartite 459 structure of the metabolite and species network for the synthetic community, exo-metabolomics 460 profiling of 97 major metabolites was performed on monospecies. The metabolite profiles were 461 analyzed at an initial and final time point that occurred prior to 24 hr to mirror the community 462 experimental design with the exception of DP due to insufficient accumulation of biomass for 463 metabolomics measurements within the 24-hour period (Fig. 1b, S20) . Relative changes in 464 metabolite abundances were computed using the log2 fold change of the final and initial time 465 point and a significance threshold of at least two-fold was applied to the data (Fig. 5a,b) . We 466 performed clustering analysis of the metabolite utilization and secretion bipartite networks to 467 identify similarities in metabolite profiles. The clustering pattern did not the recapitulate the 468 phylogenetic relationships, demonstrating that distantly related species can occupy similar 469 resource utilization niches (e.g. BH and EL or FP and ER) and closely related species can 470 utilize distinct resources (e.g. BH and ER) ( Fig. 1a) .
Our results showed a lack of correlation between the number of consumed metabolites 472 and the total biomass produced by each monospecies at the corresponding time point. CH
473
consumed the largest total number of metabolites in comparison to other organisms, thus 474 representing a hub in the metabolite utilization network (Fig. 5c) . The total biomass produced by 475 CH was not proportional to the total number of consumed metabolites or sum of log2 fold 476 changes in utilized metabolites, suggesting that CH could be funneling energy towards cellular 477 processes beyond biomass (Figs. 5c, S21a) . Corroborating these results, CH exhibited a large 478 number of positive and negative outgoing edges in the inferred inter-species interaction network 479 ( Fig. S7a) .
480
The sum of log2 fold changes in metabolite secretion was correlated with total correlation coefficient (Fig. S21b,c,d) . These data suggest that metabolite secretion was a 485 better predictor of species fitness and negative ecological interactions compared to the 486 metabolite utilization pattern. The resource co-utilization network pinpointed significant resource 487 competition among Bacteroides for a set of core metabolites (Fig. 5d) . A network of predicted (Fig. S22a) .
DISCUSSION
516
Developing the capabilities to predict microbial community dynamics in response to 517 environmental stimuli is a first step towards elucidating the organizational principles of microbial 518 communities and devising strategies for precisely manipulating ecological properties. The 519 discovery of significant microbial inter-relationships and ecological driver species in the network 520 can be exploited as novel control parameters for microbiomes. To this end, we developed a 521 generalized parameter estimation pipeline to build predictive dynamic models of microbial 522 communities complementary to previously published methods 49 . In contrast to statistical network 523 models, dynamic frameworks can be used to extract mathematical principles and probe system 524 properties such as ecological stability, history-dependence and response to perturbations.
525
Further, the inferred network can be used to define ecological roles for each species and model 526 could be harnessed as a predictive tool for designing sub-communities with desired properties.
527
We capitalized on methods from Bayesian statistics to go beyond a single parameter estimate 528 to evaluate the uncertainty in parameters given the data. Future work will harness this 529 information for experimental design by iteratively guiding the selection of informative 530 experiments to reduce parameter uncertainties and thus enhance the predictive capabilities of 531 the model.
532
Our results substantiate the notion that pairwise interactions dominate multi-species 
544
We find that negative interactions can promote history-dependent responses over 545 physiological timescales in response to environmental perturbations, demonstrating that the 546 timescales of community assembly are contingent on network couplings and growth 547 parameters. As such, dynamic frameworks are essential for dissecting and forecasting system 548 behaviors away from steady-state. The steady-state assumption for gut microbiome composition 549 21 is not valid if the timescales of environmental perturbations that steer the system away from 550 steady-state occur faster than the time required to converge to a steady-state 40 . Indeed, inputs 551 to the gut microbiota such as dietary shifts may steer the system away from a steady-state 55 , 552 thus forcing the system to operate in a regime outside of steady-state due to prolonged 553 timescales of community assembly.
554
We interrogated a synthetic ecology composed of prevalent human-associated 555 intestinal species that play major roles in human health and disease ( Supplementary Table I ).
556
Our systematic approach to interrogate community assembly rigorously defined the ecological 557 contributions of community members based on the inter-species interaction patterns. For (Fig. 2a, S5a ) and the inferred network 570 illuminated a negative outgoing interaction from BT to PC (Fig. 2c) . A previous study showed 571 that BT negatively influences BV in metagenomics time-series data from one individual, 572 corroborating a negative outgoing interaction from BT to BV in the inferred gLV network (Fig.   573 2c) 59 . Future work will illuminate the molecular mechanisms that promote stable coexistence 574 and dynamic shifts in the proportions of key organisms in the gut microbiota in response to 575 environmental perturbations.
576
Exo-metabolomics profiling identified CH as a hub for metabolite consumption and BU 577 and CH as major producers of metabolites in the community. Indeed, CH had the potential for 578 significant environmental impact via utilization and secretion of a broad repertoire of 579 metabolites. However, CH was low abundance in the full community and a community lacking 580 CH did not exhibit significant changes in community dynamics, fitness or diversity compared to 581 the full community, suggesting that a large number of inhibitory incoming interactions precluded 582 CH from playing an influential role in community dynamics (Figs. 3d, S7a, S9, S11a) .
22
Therefore, ecological inter-relationships can limit or enhance an organism's potential for 584 environmental impact in the context of a community.
585
The patterns of central metabolite consumption and secretion failed to predict influential 586 species in community assembly, indicating a complex mapping between metabolite interchange 587 and microbial interactions. For example, EL--a major driver species in the community--588 performed transformations on a moderate number of metabolites that were not implicated in 589 metabolite interchange, whereas the metabolite hub CH did not significantly shape community 
804
In the optimization problem, an optimal value was identified to minimize overfitting of 805 the data by balancing the goodness of fit and sparsity of the model. To do so, values of were 806 scanned from 10 -5 to 10. An optimization method was implemented to infer the best estimate of 807 the model parameters using a specific value of λ (λ = 0.0077). The goodness of fit of the model 808 was computed using the following equation: 
